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Generic speech enhancement
with self-supervised
representation space loss

Hiroshi Sato*, Tsubasa Ochiai, Marc Delcroix, Takafumi Moriya,
Takanori Ashihara and Ryo Masumura

NTT Corporation, Yokosuka-shi, Kanagawa, Japan

Single-channel speech enhancement is utilized in various tasks to mitigate the
effect of interfering signals. Conventionally, to ensure the speech enhancement
performs optimally, the speech enhancement has needed to be tuned for each
task. Thus, generalizing speech enhancement models to unknown downstream
tasks has been challenging. This study aims to construct a generic speech
enhancement front-end that can improve the performance of back-ends to
solve multiple downstream tasks. To this end, we propose a novel training
criterion that minimizes the distance between the enhanced and the ground
truth clean signalin the feature representation domain of self-supervised learning
models. Since self-supervised learning feature representations effectively express
high-level speech information useful for solving various downstream tasks, the
proposal is expected to make speech enhancement models preserve such
information. Experimental validation demonstrates that the proposal improves
the performance of multiple speech tasks while maintaining the perceptual
quality of the enhanced signal.
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1 Introduction

The recent advancements in machine learning technology have rapidly improved the
level of machine comprehension of natural language. In our daily lives, natural language
often serves as a medium for communication in the form of speech. To achieve machine
understanding on the basis of such spontaneous speech and to enable natural responses to
spoken language, studies have extensively explored various speech tasks such as automatic
speech recognition (ASR), automatic speaker verification (ASV) (Yang et al.,, 2021; Tsai
et al,, 2022; Prabhavalkar et al., 2023; Huh et al., 2023; Wani et al., 2021). To apply these
speech technologies in real-world environments, which often include various types of noise,
speech enhancement (SE) is often introduced as the front-end that suppresses such noises as
urban bustle, automobile sounds, household clatter from dishes, and the keystrokes and
clicks of typing (Delcroix et al., 2018; Eskimez et al., 2018; O’Malley et al., 2021; Pandey
et al,, 2021; Chang X. et al., 2022; Masuyama et al., 2023; Lu et al., 2022; Fujita et al., 2024;
Kandagatla and Potluri, 2020). It has been shown that an SE front-end can improve
subsequent speech tasks such as ASR (Kinoshita et al., 2020), speech emotion recognition
(Avila et al, 2018), and ASV (Shon et al, 2019). In this work, we call the speech
enhancement module to enhance input signal for subsequent tasks as “front-end,” and
the subsequent task as “back-end.”
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Besides, the SE front-end is crucial for improving human
listening. For instance, SE technology is widely applied in web
conferences to remove background noise and facilitate smoother
communication. Various research efforts have been devoted to
improving the quality of speech recording (Reddy et al., 2020;
Dubey et al,, 2022; Dubey et al,, 2024). Briefly stated, SE front-
end is a general technique to improve automatic speech processing
technologies and human auditory experiences. Hereafter, the back-
end tasks related to machine-based speech processing, along with
the task aimed at improving human listening, will be collectively
referred to as downstream tasks.

We focus on single-channel SE that aims at extracting a clean
speech signal from a monaural recording of noisy speech. Numerous
methods have been proposed to date as single-channel SE
techniques (Reddy et al., 2020; Dubey et al., 2022; 2024). SE is
broadly divided into two categories: either in the time-frequency
(TF) domain (Wang et al., 2019; Zmolikova et al., 2019; Hu et al.,
2020; Xia et al., 2020; Hao et al., 2021; Zhao et al., 2022; Ju et al,,
2023) or directly in the time domain (Luo and Mesgarani, 2019;
Delcroix et al., 2020; Pandey and Wang, 2020; Défossez et al., 2020;
Wang et al.,, 2021; Sato et al.,, 2024). Deep complex convolution
recurrent network (DCCRN) is one of the major TF domain
approaches (Hu et al.,, 2020). DCCRN enhances complex valued
TF representation with the backbone network using a recurrent
neural network (RNN) and convolutional neural network (CNN)
and performs so well that it ranked first in the real-time-track in
Interspeech 2020 Deep Noise Suppression (DNS) Challenge (Reddy
et al., 2020). Conv-TasNet is a representative method of the time-
domain approach, which directly enhances the input waveform to
obtain the enhanced waveform (Luo and Mesgarani, 2019). Initially
proposed for speech separation, Conv-TasNet performs superiorly
to the ideal TF mask.

However, the improvements in SE performance measures such
as signal-to-distortion ratio (SDR) do not necessarily mean that the
SE method will improve the performance of downstream tasks when
used as the front-end. It is reported that SE sometimes degrades
back-end task performance despite the improvement in such
performance measures as SDR (Yoshioka et al., 2015; Chen et al.,
2018; Fujimoto and Kawai, 2019). This is because deep neural
network (DNN)-based SE tends to generate “processing artifacts”
due to non-linear transformations, which are detrimental to the
subsequent downstream tasks (Iwamoto et al., 2022; Sato et al., 2022;
2021). Since such processing artifacts are unknown to downstream
tasks during training, the negative effects of these distortions tend to
outweigh the benefits of noise removal. In other words, there is a
mismatch between the output of the SE whose training objective
(e.g., SDR) attends to remove noise as much as possible while
introducing artifacts and the input expected by subsequent tasks,
which may be sensitive to unexpected artifacts.

Several methods have been investigated to reduce the mismatch
between the SE front-end and the back-end. One approach is to train
the back-end model with the enhanced signal, which is output by the
SE front-end. This method allows the back-end model to learn,
including the distortions present in the enhanced signal, thereby
reducing the mismatch (Kinoshita et al., 2020). However, this
method makes the back-end dependent on a specific front-end
which
modularity, making it impossible to develop the front-end and

enhancement  model, compromises the system’s
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back-end independently. Additionally, this approach cannot be
applied if the subsequent task involves using API services to
solve back-end speech tasks, such as Google’s speech-to-text API
(Speech to text, 2024), Open Al speech-to-text API (Speech-to-Text
Al 2024), or employing off-the-shelf black-box models since we
cannot retrain them. Besides, this approach may not be applicable
when the back-end model is extremely large, such as large audio-
language models (LALMs), where retraining is not feasible.

Another approach is to integrate the SE front-end with the back-
end task and jointly optimize them using the training criteria of the
latter task (Gao et al., 2015; Wang and Wang, 2016; Menne et al.,
2019; Subramanian et al., 2019). This can mitigate the mismatch
between the two models. However, this method has a limitation that
the SE front-end becomes specialized for a particular subsequent
system, which may prevent it from fully performing when combined
with different back-end systems. From a practical point of view, it is
ideal to improve the performances of the SE front-end and back-end
models separately. Requiring joint training every time one
component is updated incurs significant operational costs, which
is often not practical.

In this study, we aim to develop a single, generic SE model that is
constructed independently of subsequent tasks and can be applied to
various downstream applications, including automatic speech
understanding technologies and human auditory experiences. The
core idea is to train the SE model using a loss function that
encompasses speech representations suitable for various downstream
tasks. Recently, self-supervised learning (SSL) has been proposed and
has proven effective in learning such generic representations. On the
basis of this, we propose the SSL Mean Square Error (SSL-MSE) loss,
which computes the loss within the SSL representation space. SSL,
which is a research field that has gained significant attention in recent
years, can learn useful representations without the need for artificially
labeled data (Mohamed et al., 2022; Liu et al., 2021; Jaiswal et al., 2020).
The proposed SSL-MSE loss is a training criterion to minimize the
distance between the ground truth clean signal and enhanced signal in
the feature domain that is extracted by the pre-trained SSL model. Since
SSL models have been shown to learn effective representations for many
downstream tasks, they can capture not only acoustic but also higher-
level information such as phonetic or semantic information (Pasad
etal,, 2021; Dunbar et al., 2021; Hsieh et al., 2021). Thus, we expect that
creating a loss term in the SSL domain could guide SE training to
preserve or enhance various levels of characteristics of the speech signals
that may be required for high-level downstream tasks.

This approach enables not only a single SE model to be applied
to multiple tasks but also the SE front-end and the back-end to be
independently improved in solving each task, thereby maintaining
modularity and allowing each technology to be independently
maintained and developed. Additionally, an SE model will be
able to be constructed that can improve the performance of
downstream tasks that are black-box and cannot be retrained, as
well as tasks with a very large number of parameters and for which
retraining is impractical.

In this work, we evaluate the effectiveness of the proposal with
various back-end tasks. We evaluated speech recognition, speaker
verification, and intent classification performance using the SSL
model in the pipeline, as well as a speech recognition model using an
off-the-shelf Whisper model and a human listening task,
i.e., measuring the objective measures of perceptual quality of the
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enhancement signal by perceptual evaluation of speech quality
(PESQ) (Rix et al, 2001) and deep noise suppression mean
opinion score (DNSMOS) (Reddy et al., 2022).

The main contributions of this paper can be summarized
as follows:

1. We propose a novel training loss that minimizes the distance
between enhanced and clean speech signals in the SSL
representation space. The proposed SSL-MSE loss transfers
the generalizability of SSL models over various downstream
tasks into SE models.

2. We perform an extensive evaluation on multiple downstream
tasks, showing that models trained with the proposed SSL-MSE
loss outperform vanilla SE models as well as models trained on
different representation spaces such as log mel-filter bank
(LMFB) or ASR loss.

While our approach shares the idea of utilizing SSL representations
with the prior work proposed by Hsieh et al. (Hsich et al., 2021), there are
key differences in both the formulation and objectives. Hsieh et al.
primarily aim to improve perceptual quality for human listeners and
proposed phonefortified perceptual loss (PFPL) defined on the final-layer
output of wav2vec 2.0. On the other hand, this study focused on building
a generic SE model that is effective across a wide range of downstream
tasks. To obtain such versatility, we proposed the SSL-MSE loss that
incorporates weighted representations from the latter half of the SSL
layers. Additionally, to show the versatility for various downstream tasks,
we have conducted a comprehensive experiments using a variety of SSL
models and downstream task evaluations. These distinctions in design
and effect underline the novelty and utility of our approach. This paper
extends our previous short conference paper, where we introduced the
basic concept of SSL-MSE and showed that SSL-MSE loss could help
downstream models that utilize SSL models for feature extraction (Sato
etal,, 2023). In this work, we provide a more detailed explanation of SSL-
MSE, adding more context. In addition, we include new experimental
results showing that it can also benefit models that do not rely on SSL
features, thereby achieving a truly generic model. To evaluate the
generalizability over downstream tasks, we extend experimental
validations to include objective measures of perceptual quality, such as
PESQ (Rix et al,, 2001) and DNSMOS (Reddy et al., 2022), which are
known to correlate with human subjective evaluation, as well as ASR
performance evaluation using the Whisper model (Radford et al., 2023).
Furthermore, we examine a combination of SSL-MSE training with an
observation adding (OA) post-processing technique to further reduce the
effect of the distortion generated by the SE.

The rest of the paper is organized as follows. In Section 2, we will
discuss the related works. In Section 3, we explain the conventional
method, and in Section 4, we explain the proposed approach. In
Section 5, we detail the experimental validation. Section 6 concludes
the paper.

2 Related works

2.1 SSL models

SSL in speech is a technology for learning powerful
representations. For speech SSL models, various techniques have
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been proposed (Liu et al., 2020a; Liu et al., 2020b; Schneider et al.,
2019; Baevski et al., 2020a; Chang H.-]. et al., 2022; Baevski et al.,
2020b; Hsu et al., 2021; Chen et al., 2022; 2023; Yadav et al., 2024; Shi
et al., 2024), among which wav2vec 2.0 (Baevski et al., 2020b),
HuBERT (Hsu et al., 2021), and WavLM (Chen et al., 2022) are some
of the most widely applied approaches.

The SSL model is trained to extract a time series of feature
representation from a single-channel audio, which is useful for many
types of downstream tasks that can be learned on the representation
with a limited amount of paired data. The task of training the
upstream SSL model is called the pre-text task, which differs for each
type of SSL model.

For example, wav2vec 2.0 (Baevski et al., 2020b) masks parts of the
input speech in the latent space and solves a contrastive prediction task
over quantized representations, encouraging the model to learn the
structure and patterns of speech without labeled data. Another key
aspect of wav2vec 2.0 is its use of quantization. After initial processing,
the audio is transformed into quantized representations by mapping the
continuous audio features into a finite set of codebook entries.
Quantization enables the model to represent audio with a smaller,
more manageable set of discrete units, which captures essential
information about the speech content while reducing redundancy.
This discrete representation is used as the target for the model’s
predictions, allowing it to focus on the fundamental components of
speech rather than unnecessary detail. HuBERT (Hsu et al., 2021) and
WavLM (Chen et al,, 2022) are trained using the BERT-like masked
prediction task (Devlin et al., 2019) on the target label generated in an
offline clustering step. By masking of the input, HuBERT is trained to
predict these hidden units for the masked frames, helping it capture
essential patterns in speech structure and phonetic information. Of
particular note, WavLM is made robust to noise and interference
speakers through introducing a denoising task into the pre-text task.
Specifically, DNS noise and interfering speech are added to the input
audio, and WavLM is trained to ignore these signals. Although a prior
study showed that WavLM was relatively robust to noise (Masuyama
et al, 2023), Chung et al. revealed that the noise robustness of SSL
models could be further improved by introducing a single-channel SE
front-end (Chang X. et al., 2022).

Another approaches have been proposed for improving the
of SSL system by performing
enhancement directly in the SSL feature domain (Ali et al.,, 2023;
2022). As a result of the training on the pre-text task, SSL upstream
models function as a universal feature extractor that can generally be

noise robustness

speech

applied for various downstream tasks (Yang et al., 2021; Tsai et al.,
2022). Note that the feature extracted from the SSL model is
calculated as the weighted sum over the outputs from the
transformer layers of SSL models where different weights are
used for different downstream tasks. This reveals that SSL
models can capture rich speech representation through their
proposed  SSL-MSE
generalizability of the SSL model into an SE model by using the

layers. The aims to transfer the

loss term calculated on the SSL representations.

2.2 Processing artifacts

Another deeply related research topic is the processing artifacts
generated by SE. DNN-based SE generates processing artifacts that
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are detrimental to subsequent tasks. As mentioned in Introduction,
joint training is one way to mitigate artifacts, but it implies creating
SE specific for each downstream task, which is not practical. A
promising approach to mitigate the mismatch caused by the
processing artifact is OA post-processing, which interpolates the
enhanced and observed signals as the input signal to the back-end
(Ochiai et al., 2024). OA improves the signal-to-artifact ratio instead
of increasing the signal-to-noise ratio (SNR). The appropriate ratio
of OA improves back-end ASR performance since artifacts tend to
be more detrimental than noise to ASR. In this work, we investigate
the combination of the proposed SSL-MSE and the OA approach.

3 Fundamental system overview
3.1 Self-supervised learning

There are two major ways to apply SSL models to downstream
tasks, either as a fixed feature extractor, or permitting retraining of
their parameters (Mohamed et al., 2022). Following previous studies
(Yang et al., 2021; Chang X. et al., 2022; Masuyama et al., 2023), we
adopted the former approach, i.e., freezing the parameters of the SSL
model 6y during the training of the downstream models and using
the SSL upstream model as a feature extractor, because SSL models
are usually very large and thus fine-tuning the SSL models for every
downstream task is computationally too intensive. The downstream
task-specific additional layers are relatively small DNNs, which we
call the downstream model.

Formally, we can write the feature extraction process with the
SSL model as shown in Equation 1 (Yang et al., 2021):

Fl: N = SSL (x7 essl)’ (1)

where x € RT denotes the monaural input signal in raw waveform
with T samples, F, € RP*T" denotes the time series of extracted
features obtained from the n-th layer of the SSL model, and F; j
denotes F;. j = [Fj, Fiy1, .. ., Fj]. N denotes the number of layers of
the SSL model, and 6y denotes the learnable parameters of the SSL
model. T’ and D denote the number of frames and dimensions of the
extracted features, respectively. The learnable parameters, 6 are
trained with the pre-text task.

An effective way to apply the SSL features across various types of
downstream tasks is to use the weighted sum of the embeddings
from different layers in the SSL model as the input feature of the
downstream model (Chen et al., 2022; Yang et al., 2021). The process
of the downstream model for a task 7 can be written as shown in
Equations 2, 3:

N

F* =WS(Fy, x;0,) = Y wiF, )
n=1

I =ps'(F; 65, 3)

where WS (-) is the weighted sum function, 0}, = [w],...,w}] are
the weights for latent representations obtained from each layer,
which are learnable parameters, and I is the estimation result
attained by the DS (+)

downstream model for the task 7 whose learnable parameters are

downstream model. denotes the

07,. Since SSL models capture varying levels of representation across
layers, the latent representation from each layer F, retains
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information at different granularities. By using the weighted sum
of these representations as input to the downstream model, the
downstream model is expected to be able to effectively solve a variety
of tasks. The learnable parameters (05, 87,) are jointly optimized by
using task-specific paired data (I", iT) where I" is the ground truth
label, while the upstream model O is frozen.

3.2 Speech enhancement

We investigate single-channel neural-based SE as the front-end.
Let y € RT and % € R” be the noisy observations and enhanced
signals, respectively. The enhancement process can be denoted as
shown in Equation 4:

% = SE(y; 0s). (4)

0,. denotes the learnable parameters of the SE model. To train
the SE model, paired data of noisy observation y and ground truth
clean source x € RY are commonly prepared. The SE model is
commonly optimized by minimizing the distance between
enhanced signal x* and the ground truth clean source x.
Specifically, we adopt the scale-dependent SNR loss Lgng (+) as
the distance measure, which is defined as shown in Equation 5:

I%1°

— 5
llx — % ®

‘CSNR = —1010g10

Since the clean source is not available for real-recorded noisy
speech, simulated noisy speech y is generated on the basis of the
speech x and noise recordings for SE training (Vincent et al., 2006).

3.3 Combination of SE front-end with back-
end tasks

The introduction of an SE front-end can improve the
performance of subsequent tasks. The subsequent task can either
be 1) a speech processing task with SSL upstream and downstream
models, 2) a speech processing task without SSL models, or 3) a
human listening task. The overview of the combination of SE front-
end with back-end tasks is shown in Figure 1. Let the feature
extraction process be FE(-), the general pipeline to solve a
downstream task with SE can be expressed as shown in Equation 6:

I' = DS (FE(SE(; 6..); 0.); 65,). ©

where 0. denotes the learnable parameters of the feature extractor.

3.3.1 Back-end with SSL models

For a speech understanding task with SSL models, the feature
extractor in Equation 6 is an SSL upstream model and weighted sum
function. The whole pipeline can be expressed as shown in Equation 7
(Yang et al,, 2021):

I" = DS (WS (SSL(SE (¥; 0. ); 0.a); 07,); 67.). 7)
Previous research reports that to benefit from SE, it is necessary to
fine-tune SE that is trained independently from the SSL pipeline

(Masuyama et al, 2023) to mitigate the mismatch between the
front-end and the back-end. Specifically, to mitigate this mismatch,

frontiersin.org
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Human Listening

Overview of the combination of SE front-end with back-end tasks. The backend task can either be 1) a speech processing task with SSL upstream and
downstream models, 2) a speech processing task without SSL models, or 3) a human listening task.

(B, 05, 07,) are jointly optimized by using downstream task paired
data while freezing SSL model 0y (Masuyama et al., 2023). However,
the fine-tuning of the downstream task makes the SE front-end task-
specific, making it infeasible to share a single general SE model for
multiple downstream tasks, thus incurring development costs. Besides,
when considering more than a few downstream tasks, optimizing the SE
front-end and back-end model jointly for every downstream task may
be computationally demanding.

3.3.2 Back-end without SSL models

For the back-end tasks without SSL models, the feature extractor
in Equation 6 is typically an LMFB feature extractor. The whole
processing pipeline can be expressed as shown in Equation 8:

I" = DS (LMFB (SE (y; 0..)); 67,). (8)

For systems that do not use SSL, the mismatch between the SE
front-end and back-end is also a challenge. As a way to mitigate the
mismatch, LMFB feature domain loss has been proposed that
calculates the loss term on the LMFB feature domain (Wang
et al, 2020). Preceding works show the effectiveness of LMFB
feature domain loss in improving the back-end ASR task with
SE. In this work, we examine the multitask loss of LMFB feature
domain loss and SNR loss. Formally, the multitask loss Liyvep-mr is
expressed as shown in Equations 9, 10 (Wang et al., 2020):

)
(10)

['LMFB—MT = ['LMFB (fa x) + ‘X‘CSNR (-£> x),

Liyes = |ILMFB (%) — LMFB (x)|2/M

where | - || represents Frobenius norm and LMFB (-) represents the
LMFB feature extraction. « represents a multitask weight. M
represents the number of elements of LMFB feature LMFB (x).
Another way to mitigate the mismatch is to train SE on the loss
function that minimizes the distance between enhanced and clean
signals on the output of the back-end task. Considering ASR as an
example and letting ASR (-) be the process of the ASR, the ASR result
is obtained from a noisy observation via SE as shown in Equation 11:

W = ASR (LMFB (SE(; 0.)); 0ust) (11)

where 6,, and w indicate learnable parameters of the ASR model
and ASR result, respectively. The ASR output basis loss minimizes
the distance between the ASR result of the enhanced signal w and
ground truth transcription w to optimize the SE model 6, while
freezing the ASR model 6,,. We hereafter refer to this training
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criterion as ASR loss. We examine the SE training with the multitask
loss of the ASR loss and SNR loss as shown in Equations 12, 13:

(12)
(13)

Lasr-mr = Lasr (W, w) + aLgnr (X, %),
ACASR = Aﬁctc (ﬁ’, W) + (1 - /\)catt (ﬁ/, W),

where « is the multitask weight controlling the impact of SNR loss.
L and L, optimize connectionist temporal classification (CTC)
(Graves et al, 2006) decoder and attention-based decoder,
respectively. Note that L, is a cross-entropy loss. A is a
hyperparameter controlling the balance of CTC and attention loss.

3.3.3 Human perception as back-end task

We consider human perception as a back-end task. In this case,
there is no feature extraction FE (-) or downstream model DS? (), as
the goal is to produce an enhanced signal, and thus the whole system
can be expressed as Equation 4.

4 Proposed methods

To realize an SE that can be applicable to multiple tasks, we propose
SSL-MSE. Figure 2 shows the general framework of the proposed SSL-
MSE training. SSL-MSE loss calculates the distance between enhanced
and clean signals on the SSL model’s feature domain. Since SSL models
have been shown to learn effective representations for many
downstream tasks, SSL-MSE can make SE more optimal for the
front-end of multiple tasks. More specifically, SSL models are
reported to capture not only acoustic but also higher-level
information such as phonetic or semantic information (Pasad et al,
2021; Dunbar et al.,, 2021; Hsieh et al., 2021), and thus a loss term in the
SSL domain could guide SE training to preserve or enhance various
levels of characteristics of the speech signals that may be required for
high-level downstream tasks. Formally, SSL-MSE Lss between
enhanced speech x = SE (y; 6s.) and clean source x is calculated as
the MSE between SSL features extracted from these signals as shown in
Equations 14-18:

Lo = |F™ = F*"I} / (DT") (14)
penh < ~ penh
F™ = w,F™, (15)
n=1
N
Fclean _ z lbn F:llean’ (l 6)
n=1
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Overview of the proposed SSL-MSE loss. Proposed SSL-MSE loss
calculate the distance between enhanced and clean signals on the
feature domain extracted by the SSL model.

Fin];\] = SSL (SE (y7 086); assl):

Fil:ec’li\ll'l = S8SL (.’X,'7 Gssl)’

(17)
(18)

where w = [y, ..., WnN] represents the layer weight for the latent
feature obtained from each layer of the SSL model. The layer weight
is a hyperparameter that controls which layer output SSL-MSE
focuses on. Since SSL models capture different levels of
representations in their different layers, the latent representation
from each layer retains information at different levels of granularity.
Thus, applying SSL loss over multiple layers may be advantageous as
it ensures that the SE module captures necessary information.
Specifically, we adopt a weight that uniformly emphasizes the
features outputted from the latter half of the layers to preserve
higher-level representations, as the lower-level ones are expected to
be captured in combination with SNR loss. Formally, the weight is
expressed as shown in Equations 19, 20:

lZ)l)---)lD[Z/NJ 20, (19)
1

N 12T @

W)+l - - > WN =
where [-] represents the floor function. Although it is possible to
calculate the loss on each layer and sum the losses instead of
calculating the loss on the weighted sum of the representations,
we adopted the latter way to maintain consistency with the feature
extraction process of the SSL pipeline as in Equation 7.

The model parameter Oy is optimized by minimizing the
multitask loss function Lgsr-mr expressed as shown in Equation 21:

Lssi-mr = Lssi, + aLsr, (21)

where « denotes the multitask weight for the SNR loss. Note that the
parameters of the SSL model Oy are frozen during the SSL-
MSE training.

By developing an SE model that is trained independently
from the back-end tasks and is applicable to multiple tasks, we
can independently improve both the SE front-end and the back-
end systems for each specific task. This approach preserves
modularity, allowing each component to be independently
maintained and developed. Furthermore, this methodology not
only facilitates the use of a single SE model across various tasks
but also enables SE models to be constructed that can improve the
performance of downstream tasks, even when those tasks are
black-box systems that cannot be retrained. It is also beneficial
for tasks with a very large number of parameters, where
retraining would be impractical.
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To further reduce the mismatch between SE front-end and the
back-end, we investigate the combination of SSL-MSE training with
OA post-processing (Ochiai et al, 2024). OA post-processing
interpolates enhanced and input signals in the waveform signal
domain as the final output of the SE. The distortion generated by the
SE can be decreased by adding the observation signal, which can also
mitigate the mismatch between front-end and back-end. With OA,
the input of the back-end task X is expressed as shown in
Equation 22:

i=Py+ (1-p)i (22)

where f3 is the OA ratio. Note that OA is implemented as a post-
processing step for the enhanced signal, and thus depending on the
downstream task, it is possible to modify the adding ratio of OA or
omit its processing.

5 Experiments
5.1 Experimental setup

5.1.1 Speech enhancement front-end

The SE model was trained on simulated mixtures of speech and
noise data. We used LibriSpeech (Panayotov et al., 2015) for speech
recordings and DNS noise (Reddy et al., 2021) for noise recordings
sampled at 16 kHz. The number of noisy observations were
100,000 and 5,000 for the training and development sets,
respectively. The noise was added at SNR values randomly
sampled from —3-20 dB. We chose DNS noise to create a fair
comparison of the SSL pipeline with/without the SE module, as DNS
noise is also used in training the WavLM models. We adopted Conv-
TasNet as the SE front-end module, which converts noisy raw-
waveform audio into enhanced raw-waveforms in a time-domain,
end-to-end processing manner (Luo and Mesgarani, 2019). In
accordance with the setup adopted in (Thakker et al., 2022), we
set the hyperparameters to N =4096, L =320, B =256, R =4,
X =8, H=512 and P =3 following the notation in (Luo and
Mesgarani, 2019). The SSL-MSE loss was introduced after pre-
training the model with conventional SNR loss to speed up the
conversion. The initial learning rate for the pre-training with SNR
loss was set to 5e-4 and was multiplied by 3/4 if the loss on the
development set did not decrease for 2 epochs. For optimization, we
adopted the Adam optimizer (Kingma and Ba, 2015). The models
were pre-trained for 100 epochs. If we apply OA, we adopt adding
ratio B of 0.1 and 0.5.

5.1.2 Multitask loss

We investigate three types of multitask losses: SSL-MSE loss,
ASR loss, and LMFB loss. Each multitask loss training is applied as
the fine-tuning process: we first pretrained the SE model with SNR
loss and then fine-tuned it with SSL-MSE loss with the initial
learning rate of le-4 and for up to 50 epochs. We tested the SNR
weight « within {0, 0.0001, 0.001, 0.01, 0.1, 1, 10}. The comparison is
shown in Figure 3.

SSL-MSE loss: To calculate SSL-MSE loss in Equation 21, we
tested four off-the-shelf SSL models: WavLM Basg+, WavLM BARGE,
wav2vec 2.0 Basg, and Hubert Base models. SSL models were frozen
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FIGURE 3

Comparison of SSL-MSE loss with ASR loss and LMFB loss joint training. The X-axis represents the multitask loss weight « in the joint training with
each loss, and the Y-axis represents the performance in each evaluation metric. For SDR [dB] DNSMOS OVRL, higher is better, and for WER [%], lower is
better. (a) Speech enhancement performance. (b) DNSMOS result. (c) SSL downstream ASR with SE. (d) Whisper ASR with SE.

during SSL-MSE training. WavLM Bast+ and WavLM BARGE share
the same training data; however, WavLM Large has more than three
times the number of parameters compared to WavLM Base+.
Wav2Vec 2.0 and HuBERT are not trained to be robust to noise;
their pre-training procedures do not involve the explicit addition of
noise. In contrast, WavLM Base+ and WavLM LARGe (Chen et al.,
2022) are pre-trained with noise augmentation to enhance
robustness.

ASR loss: ASR loss in Equation 12 is calculated by a pre-trained
transformer-based hybrid CTC/Attention ASR model (Watanabe
et al.,, 2017; Karita et al., 2019), which consists of 12 conformer
encoder blocks and 6 transformer decoder blocks. The model was
trained following the LibriSpeech training recipe from ESPnet
(Watanabe et al., 2018), an open-source toolkit for end-to-end
speech processing. A in Equation 12 was set as 0.3. The ASR
model is frozen during the ASR loss training.

LMEFB loss: For calculating LMFB loss in Equation 9 we adopt
LMEFB feature extractor of 80 mel bins, 400 sample window length,
and 200 sample window shift.

5.1.3 Evaluation details
To evaluate the generalizability of the SE model trained with
SSL-MSE loss, we evaluated the performance of SE in terms of the

Frontiers in Signal Processing

07

following aspects: 1) SDR (Le Roux et al, 2019), 2) objective
measures of subjective quality, 3) the performance of SSL
downstream tasks, and 4) Whisper ASR performance. Objective
measures of subjective quality is evaluated on PESQ and DNSMOS
P.835 (Reddy et al., 2022). SDR, PESQ, and DNSMOS are evaluated
on the 3,000 simulated mixtures of LibriSpeech speech recordings
and DNS noise where SNR values are randomly selected from
0 to 10 dB.

SDR: SDR is evaluated on the 3,000 simulated mixtures of
LibriSpeech speech recordings and DNS noise where SNR values
are randomly selected from 0 to 10 dB.

Objective measures of perceptual quality: Perceptual quality is
evaluated using objective measures, PESQ and DNSMOS P.835
(Reddy et al., 2022), which are known to correlate with human
subjective evaluations using the same dataset as SDR evaluation.

SSL downstream tasks: To evaluate the performance in SSL
downstream tasks, we prepared the SSL pipeline to solve three
tasks (ASR),
automatic speaker verification (ASV), and intent classification

downstream (automatic  speech  recognition
(IC)) following the procedure explained in Section 2.1. These
performance are evaluated in terms of word error rate (WER),
equal error rate (EER), and accuracy (Acc), respective. We

implemented the SSL pipeline using the S3PRL toolkit (Yang
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TABLE 1 Performance evaluation of the conventional and proposed systems.

SE method or SSL OA  SDRT Human perception SSL downstream tasks ~ Whisper
its training model for ratio  [dB]
method SSL-MSE PESQT DNSMOS ASR ASV IC
loss
SIGT BAKT OVRLT WER| EER| Accl WER|
[%] [%] [%] [%]
(al) clean 4.02 402 357 56 44 98.8 39
(a2) 1o process 3.7 127 2.88 1.86 1.99 17.1 10.9 67.4 9.3
(b1)  SNRloss (Luo and N/A N/A 15.7 227 373 4.21 3.47 146 8.6 84.8 12.2
Mesgarani, 2019)
(b2) N/A 0.1 145 2.01 3.82 2.88 293 12.2 7.8 87.8 10.3
(c1) SSL-MSE loss WavLM B+ N/A 15.8 2.35 3.74 418 3.46 12.9 8.1 87.7 1.1
(c2) WavLM L N/A 15.6 2.34 3.82 3.94 3.42 113 7.4 88.6 9.6
(c3) WavLM L 0.1 143 1.97 3.85 2.83 292 10.9 7.2 88.7 9.1

For the evaluation of SSL downstream tasks, we used the SSL pipeline with WavLM Base+ model. The column SSL-MSE loss indicates the type of SSL model used for calculating SSL-MSE loss.
WavLM B+ stands for WavLM Bask+, and WavLM L stands for WavLM LARGE. The SNR multitask loss weight « for SSL-MSE loss training is fixed to 0.1. Values in bold indicate the results of
t-tests conducted at a 5% significance level, showing no significant difference from the highest-performing results. N/A indicates not applicable for each term.

et al., 2021; Github, 2024). As the SSL model for the inference, we
tested WavLM Base+, WavLM LARGE, wav2vec 2.0 Basg, and Hubert
Bask. The performance of SSL pipeline was evaluated on the noisy
version of the SUPERB test sets for each task by adding DNS noise to
the original recordings at SNR values randomly sampled from 0 to
10 dB. Since DNS noise contains a wide variety of the noise types and
we use different samples for training and testing, we can verify
robustness to unseen noise although we adopted DNS noise in both
training and evaluation.

We tested two setups for downstream model training: 1) official
setup where downstream models were trained with SUPERB official
training data (Yang et al., 2021) that is relatively “clean” speech data,
in accordance with the S3PRL SUPERB recipe (s3p, Cited October
7 2024), and 2) noise-robust setup where DNS noise was added to
SUPERB official downstream training data at SNR values randomly
sampled from —3-20 dB. The results gained in the noise-robust
setup are shown in Table 3; for the other experiments, we adopt the
official setup. The SE front-end was not applied while training the
downstream model in noise-robust setups and in official setups. The
downstream models were prepared for each downstream task for
each SSL model.

Whisper ASR: Whisper ASR performance is measured with an
off-the-shelf Whisper MepiuM model on the simulated mixture of
LibriSpeech speech recordings and DNS noise at the SNR values
randomly sampled from 0 to 10 dB. The Whisper ASR model is only
used for evaluation and not for ASR-loss training. Note that the
Whisper model uses LMFB as a feature extraction and does not use
SSL models.

5.2 Results and discussion

5.2.1 The effect of SSL-MSE
Table 1 compares the performances of SE models trained with
conventional SNR loss training and proposed SSL-MSE loss. The
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SNR multitask loss weight « is fixed to 0.1. Comparing (al) and (a2),
the addition of noise to the test sets has a substantial impact on
downstream performance.

For instance, the Whisper ASR system exhibits a WER
degradation from 3.9% in (al) to 9.3% in (a2) due to noise
addition. This finding aligns with the observations in the original
Whisper paper (Radford et al., 2023), particularly in Figure 5, which
demonstrates that although Whisper models are trained to be robust
to noise, they are not entirely impervious to its influence. The
introduction of the baseline SE front-end (b) improves each
performance metric, except Whisper ASR WER. Since the
Whisper ASR model itself is trained to be robust to the noise,
the negative effect of the mismatch between the SE front-end and
back-end seems to outweigh the positive effect of the reduction of
the noise. The systems (c1) and (c2) shows the effect of introducing
the SSL-MSE loss, with a different SSL model used for calculating
SSL-MSE loss, i.e., WavLM Bask PLUS (c1) and WavLM LARGE (c2).
As for SDR and objective measures of subjective quality, the
proposed systems (c1) and (c2) perform equivalently to the
baseline system (b). More specifically, the proposed systems
improve PESQ and DNSMOS SIG values and degrade DNSMOS
BAK and DNSMOS OVRL values. The increase in the BAK value at
the expense of the SIG value suggests that while the noise
suppression diminished, the
distortion that affects subsequent processing is reduced. The

effect is somewhat harmful
performances of SSL downstream tasks and Whisper ASR were
substantially improved by introducing SSL-MSE loss. The
improvement is larger when SSL-MSE loss is calculated with the
WavLM LarGe model shown in (c2). The effect of the type of SSL
model on the performance will be discussed in detail in Section 5.2.3.
Compared with the baseline system (b), the proposed system (c2)
improved the WER of the SSL downstream ASR task by 22%, the
EER of the ASV task by 14%, and the Acc of the IC task by 3.8%.
Based on the observation above, the introduction of SSL-MSE loss

improves the performance as the front-end of the subsequent speech
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TABLE 2 Performance variations due to the combination of SSL model for inference and SSL model for training with SSL-MSE loss. w2v2 B, Hubert B, WavLM
B+, and WavLM L stands for wav2vec 2.0 Base, Hubert Base, WavLM Base+, and WavLM Large, respectively. The SNR multitask loss weight « for SSL-MSE loss
training is fixed to 0.1.

SSL model for inference N3 SSL model for SSL-MSE loss ASR ASV IC
WER| [%] EER| [%] Acc? [%]

(a2) WavLM B+ 17.1 10.9 67.4
(b) WavLM B+ v N/A 14.6 8.6 84.8
(d1) WavLM B+ v w2v2 B 14.4 8.6 85.4
(d2) WavLM B+ v Hubert B 14.7 8.7 86.1
(c1) WavLM B+ v WavLM B+ 129 8.1 87.7
(c2) WavLM B+ v WavLM L 113 7.4 88.6
(el) w2v2 B 36.8 19.0 41.0
(e2) w2v2 B v N/A 18.8 12.2 70.9
(e3) w2v2 B v WavLM B+ 17.5 113 713
(e4) w2v2 B v WavLM L 14.9 11.0 75.9
(e5) w2v2 B v w2v2 B 18.5 12,5 71.2
(f1) Hubert B 317 15.5 57.8
(f2) Hubert B v N/A 18.5 10.6 81.9
(3) Hubert B v WavLM B+ 16.9 9.7 82.6
(4) Hubert B v WavLM L 14.0 8.7 85.1
(f5) Hubert B v Hubert B 18.8 11.1 82.3
(g1) WavLM L 9.9 9.8 52.1
(g2) WavLM L v N/A 7.8 9.8 86.6
(g3) WavLM L v WavLM B+ 7.2 9.3 88.3
(g4) WavLM L v WavLM L 6.1 10.1 89.2

“Bold values indicate the best performing system.

understand tasks while maintaining the human perceptual quality,
and thus it increases the generalizability of the SE for multiple tasks.
Although the proposed system (c2) improved the WER of the
Whisper ASR model by 21% compared with the baseline system
(b), it still performs worse than the system without SE (a2).

System (c3) demonstrates the combination of SSL-MSE loss and
OA with the addition ratio § = 0.1. The addition of the observed
signal demonstrates the best SSL downstream task performance and
the Whisper ASR performance among all systems. Improving the
performance of a noise-robust ASR model with an SE model trained
separately from ASR model is generally challenging (Kinoshita et al.,
2020). Despite that, the proposed SE front-end in the system (c3)
reduces the WER for the Whisper ASR model, which is trained to be
robust to noise. In summary, the combination of OA with SSL-MSE
loss training can further improve specific downstream task
performance. Note that since the OA can be applied as a post-
processing, the decision of whether or not to apply OA can change
depending on the type of the downstream tasks. Thus, we can omit
OA for human listening tasks using the same SE model.

While the OA technique alone, as used in system (b2), already
shows promising generalization across downstream tasks without
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requiring complex training procedures, a comparison with system
(c2), which uses SSL-MSE loss without OA, reveals that the
proposed SSL-MSE training provides consistent performance
gains. Specifically, system (c2) achieves better results in human
perceptual quality (DNSMOS OVRL: 3.42 vs. 2.93), SSL-based ASR
(WER: 11.3% vs. 12.2%), and Whisper ASR (WER: 9.6% vs. 10.3%)
compared to system (b2). These results indicate that, although OA is
effective as a lightweight post-processing method, the SSL-MSE loss
enables the SE model itself to produce higher-quality outputs that
are more suitable for both human perception and machine-based
downstream tasks. This suggests that the benefit of SSL-based
training is not merely complementary to OA but essential for
achieving a more universally robust enhancement system.

5.2.2 Comparison with other training criteria
Figure 3 shows the performance of SE systems trained with
vanilla SNR loss, ASR loss, LMFB loss, and SSL-MSE loss. Each
graph shows an evaluation metric: SE performance in SDR [dB],
objective measures of perceptual quality in DNSMOS OVRL, SSL
downstream ASR task performance in WER [%], and Whisper ASR
performance in WER [%]. WavLM Bask+ is used to evaluate the SSL
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TABLE 3 Effect of SE and SSL-MSE loss training on a noise-robust downstream model. We adopt WavLM Base plus model for SSL-MSE loss training.

SE method is downstream ASR ASV IC

model noise robust WER] [%] EER| [%] Accl [%]
(a2) no process 17.1 109 67.4
(h1) no process v 13.6 9.2 79.4
(h2) SNR loss v 125 7.9 85.8
(h3) SSL-MSE loss v 1.3 7.7 88.3

“Bold values indicate the best performing system.

downstream ASR performance. For each graph, the X-axis improves the performance, and SSL-MSE losses calculated with
represents the multitask loss weight « in the multitask training, — wav2vec 2.0 Bast (d1) and Hubert Bast (d2) do not improve the
which was fixed at « = 0.1 in the Table 1. The Y-axis indicates the =~ performance compared with vanilla SNR loss training (b).
performance. As for (a) SE performance and (b) objective measures ~ Moreover, SSL-MSE losses calculated with wav2vec 2.0 Base and
of perceptual quality, all the multitask-trained systems share the =~ Hubert Base do not improve matched condition where the same SSL
trend that the performance approaches baseline SNR when  modelis used for inference, which is shown in (e5) and (£5). On the
multitask loss weight « is large, while the performance drops  other hand, SSL-MSE loss calculated with WavLM Base+ and
when the multitask loss weight « is small. The performance drop ~ WavLM LARGE improves every SSL pipeline with different types
is more pronounced with ASR loss, compared with SSL-MSE loss  of SSL models including WavLM Base+ shown in (cl) and (c2),
and LMFB loss. This degradation is likely caused by the SE model =~ Wav2vec 2.0 Bast shown in (e3) and (e4), Hubert Bast shown in (f3)
becoming overly specialized for the ASR task. and (f4), and WavLM Larct (g3) and (g4), compared with the SE
(c) SSL-based ASR performance and (d) Whisper ASR  model trained with SNR loss. Thus, it can be said that SSL-MSE
performance are both improved by incorporating SSL-MSE, ASR  training potentially generalizes over different types of SSL models.
loss, and LMFB loss, compared with SNR loss. Among these, the =~ Compared with SSL-MSE loss calculated with WavLM Bask+,
SSL-MSE loss yields the most substantial improvement, followed by =~ WavLM LaRGE offers better performance for the SSL pipeline
the ASR loss. Although the ASR loss is task-matched, it does not  with different SSL models. The higher generalizability of WavLM
provide the greatest performance gains. Compared to the Whisper =~ LARGE compared with WavLM Bask+ as the upstream model (Chen
ASR performance without SE (9.3%) shown in Table 1 (a2), the ASR et al,, 2022) seems to transfer more general knowledge to the SE
loss actually degrades Whisper ASR performance across all  model via SSL-MSE loss training.
multitask loss weight settings «. This degradation appears to
result from the SE model becoming overly specialized to the 5.2.4 The effect of SSL-MSE loss on noise-robust
specific ASR model used during ASR-loss training, which differs ~downstream model
from the Whisper ASR model, as described in Section 5.1.2. In other To further discuss the effectiveness of SE and SSL-MSE, we
words, the ASR loss leads to insufficient generalization not only  prepare an SSL pipeline where the downstream model is also
across different tasks, but also across different ASR models. trained to be robust to noise by the noisy paired data for each task.
Therefore, SSL-MSE loss improves SE generalizability to different ~ Table 3 shows the SSL pipeline performance for three downstream
tasks better than other common training criteria of ASR loss  tasks. Since WavLM Bast+ is used for the SSL pipeline, SSL
and LMFB loss. upstream itself is also robust to noise. The table shows that the
The effect of the SSL-MSE loss on (c) SSL downstream ASRand (d) ~ noise-robust training (h1) improved the performance of each task
Whisper ASR performance is maximized when the multitask loss  compared to the system without noise-robust training (a2). This is
weight « is set to 0.01. In contrast, (a) the SDR and (b) DNSMOS  notable that the introduction of baseline SE front-end (h2) further
OVRL scores increase with larger values of «, indicating a trade-off ~ improves these performances despite the fact that both SSL
between human perceptual quality and downstream task performance.  upstream and downstream are trained to be robust to noise.
The introduction of the proposed SSL-MSE loss (h3)
5.2.3 Generalizability to other types of SSL models  substantially improves the performance of system (h2). This
Table 2 shows the SSL downstream task performances for a  indicates that SSL-MSE loss is effective for the back-end tasks
variation of a combination of SSL models that is used to calculate  that are trained to be robust to noise.
SSL-MSE loss and that is used for the inference of SSL
downstream tasks.
Overal, WavLM Base: and WavLM LARGE demonstrate 6 Conclusion
superior performance compared to other SSL models as the SSL
models for inference. This is likely because these models are pre- To build a general speech enhancement (SE) model that can be
trained with noise-aware strategies, making them more effective on  applied to various downstream tasks, we proposed a self-supervised
test sets with additive noise. For the SSL pipeline with WavLM  learning mean squared error (SSL-MSE) loss training scheme that
Base+, SSL-MSE loss calculated with WavLM LARGE (c2) most  exploits the rich speech representation captured by the SSL models
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to train SE models. By calculating the loss term on the feature
domain of the SSL model, SE is expected to be trained to preserve
high-level information contained in speech audio that is crucial to
solving various downstream tasks. The experimental validation
shows that introducing SSL-MSE loss improves SSL downstream
task performance and Whisper ASR performance while maintaining
DNSMOS results. In addition to this, the combination of OA with
SSL-MSE further improves the performance of back-end tasks.
Further analyses show that SSL-MSE loss can generalize over
other types of SSL models than that used to calculate SSL-MSE
loss. It is also shown that SSL-MSE loss training requires the use of a
noise-robust SSL model like WavLM Bask+ to improve performance.
Moreover, SSL-MSE is effective in cases where both the upstream
SSL model and downstream task model are trained to be robust
to noise.

This study identifies several directions for future research. First, it is
important to validate the effectiveness of the proposed approach across
a wider range of downstream tasks. In this work, we demonstrated the
generalizability of the model trained with SSL-MSE by evaluating its
performance on three types of downstream tasks: human listening tests,
tasks using SSL models, and Whisper ASR. As a future direction, we
plan to explore its applicability to additional tasks such as off-the-shelf
voice activity detection (VAD) (Wiseman, 2025), speaker diarization
models (Bredin, 2023), etc. Second, the evaluation of objective measures
of perceptual quality using actual subjective listening tests remains an
essential future task. While this study employed DNSMOS to assess the
perceptual quality and demonstrated that the proposed method can
improve both perceptual quality and machine understanding tasks,
conducting subjective listening tests with human listeners will enable a
more reliable assessment. Third, it is necessary to investigate the
applicability of the proposed approach to a broader set of speech
enhancement models with different characteristics. In this work, we
performed experimental validation using Conv-TasNet, a widely
adopted model in the field. Future work will include exploring the
generalizability of the proposed approach to various real-time speech
enhancement methods (Hu et al, 2020) and larger-scale speech
enhancement models (Wang et al,, 2023).
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